Quantitative structure-activity relationship (QSAR) 
INTRODUCTION
Food and feed quality is very important in terms of human and animal health upkeep and it is necessary to permanently control raw materials and final products. The different types of fungus are frequent contaminants in food and feed products, and this is a natural phenomenon. Of significant importance among them are those species which produce metabolites harmful for humans and animals -mycotoxins. Food and feed contamination can occur due to the raw materials contamination or mycotoxin generation can appear during the production or product storage in inadequate conditions. In animals, mycotoxins can lead to the reduced feed intake, weight loss, drop in milk production, and reduced immune system functioning (1) . Besides of reducing animal performance, different mycotoxins can also concentrate in milk, meet, and eggs, and affect the human health. Mycotoxins can cause serious problems with the gastrointestinal system, skin irritation, renal damage and carcinogenic changes (2) (3) (4) (5) . The most important mycotoxige-nic fungi are Aspergillus, Fusarium, Penicillium, Alternaria, Claviceps and Stachybotrys (6) . Toxigenic fungus Aspergillus flavus is one of the four toxigenic fungus that produces Aflatoxin B 1 , Aflatoxin B 2 , Aflatoxin G 1 , Aflatoxin G2, and it is considered to be very important from an economic point of view (4) . Economic losses refer to animal productivity, impact on human health, and global trade in the field of raw materials, food and feed. Differently substituted thiadiazine derivatives are remarkably effective compounds regarding their antifungal activity (7) (8) (9) (10) . Besides the already known thiadiazines, the development of strategies for design and synthesis of new thiadiazines with antifungal activity is of considerable interest. Quantitative structure-activity relationship (QSAR) approach is considered a very useful tool for the prediction of the bioactivity of molecules.
The main task of the present study was to characterize the already synthesized dihydroindeno and indeno thiadiazines using in silico molecular descriptors and chemometric tools to correlate structural characteristics with antifungal activity toward Aspergillus flavus. The artificial neural networks (ANNs) approach with partial least square regression-variable importance in projection (PLSR-VIP) descriptors selection method was applied in order to achieve reliable prediction of antifungal activity of new thiadiazine derivatives before their synthesis. As there is a big threat and high risk for human health due to indirect exposure (through animal products) and direct exposure to mycotoxins (through food products), the modeling and synthesis of new thiadiazines as potential antifungal agents are of crucial importance. The presented results presented should provide guidelines for further molecular design and synthesis of more active antifungal thiadiazines and structurally similar agents.
MATERIAL AND METHODS

The studied thiadiazines and their antifungal activity
The investigated thiadiazines include a set of twenty two dihydroindeno and indeno thiadiazines (9) . The antifungal activity of these compounds against Aspergillus flavus was taken from the corresponding literature (9) . The structures of the investigated dihydroindeno and indeno thiadiazines are presented in Figure 1 . The antifungal activity of the studied thiadiazines was expressed as mycelial growth inhibition -MGI (%). 
In silico modeling and molecular descriptors calculations
The molecular descriptors of the studied thiadiazines have been calculated on the basis of their molecular structures. The 2D structures have been drawn using MarvinSketch v.17.3.13 (11) . The 3D molecular structures were subjected to energy minimization using molecular mechanics force field (MMFF) method -MM2, in order to generate 3D molecular descriptors. Lipophilicity, physico-chemical, topological and ADMET in silico descriptors were calculated using the following software: ChemBioDraw Ultra v.12.0 (12), ChemBio3D Ultra v.12.0 (12) ALOGPS 2.1 (13), Molinspiration online program (14) and PreADMET online program (15). Lipophilicity descriptors used for studied compounds classification are presented in Table 1 . Table 1 . In silico lipophilicity descriptors of the studied compounds
Classification and QSAR analysis
Principal component analysis (PCA) presents one of the most used multivariate techniques for the reduction of the data set that consists from the great number of the mutually correlated variables (16, 17) . It defines principal components that present the com- 
Original scientific paper 120 bination of the original variables. The total number of principal components is equal to the number of the analyzed variables. The in silico lipophilicity descriptors from different softwares were gathered in order to conduct the PCA. The aim of the PCA procedure was to group the studied dihydroindeno and indeno thiadiazines according to their lipophilicity respectively to their antifungal potential. Partial least square regression uses linear combination of the predict variables with the independent variable. In this type of the regression, variables highly correlated with dependent variable additionally gain the importance. As a result of the PLSR analysis, VIP values for all analyzed variables can be obtained and further processed appropriately. The PLSR analysis was used in order to distinguish the input variables for the non-linear modeling of the antifungal activity of the studied compounds.
ANNs are very useful when the complex relationships between variables occur. Artificial neuron has a regression equation that transfers input data into non-linear output data and so this method is considered as non-linear (18) . In some cases it is necessary to conduct the input data normalization (19) . The established QSAR-ANN models were statistically estimated and their predictive ability was expressed through statistical parameters: correlation coefficient (R) for training, test and validation set, root mean square error (RMSE) for training, test and validation set. The presented classification and regression modeling analysis were conducted by Statistica 13 software (20) .
RESULTS AND DISCUSSION
PCA classification
The PCA results are presented through the loadings and scores plot in Figure 2 . The obtained PCA model is expressed through two principal components, which describe 95.29% of the total variance, to which PC1 contributes 87.55% and PC2 7.74%. From the loadings plot, it can be noticed that the position of the studied compounds on the scores plot is influenced by the majority of lipophilicity descriptors regarding the PC1 axis. The position on the scores plot regarding the PC2 axis is influenced most by MLOGP. The majority of descriptors have negative coefficients of latent variables regarding PC1 axis except for AClogS, Average logS and ALOGpS. Regarding the PC2 axis, the number of descriptors that have negative and positive coefficient of latent variables is equal. From the scores plot, it can be seen that the studied dihydroindeno and indeno thiadiazines are grouped according to their lipophilicity, regarding the PC1 axis. The compounds with lower lipophilicity are positioned at the positive end of the PC1 axis, and the compounds with higher lipophilicity at its negative end. According to PC2, the studied compounds are grouped in accordance their type (dihydroindeno or indeno). 
QSAR modeling
The first step in QSAR modeling was the PLSR analysis and determination of the influence of the independent variables to the dependent variable. The VIP values were calculated ( Figure 3 ) and the variables which were described by the VIP > 1.9 were taken as the most important, and used in the further non-linear modeling as the input variables. For the ANN modeling, three bioactivity and ADMET descriptors were used -PPB (in vitro plasma protein binding), EI (enzyme inhibition) and PI (protease inhibition). 
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For the QSAR-ANN models, the training (70% of compounds: 1-7, 9-11, 13, 15, [17] [18] [19] [20] , test (15% of compounds: 12, 21, 22) and validation (15% of compounds: 8, 14, 16) sets were used. The number of hidden neurons was varied from 2 to 200 and ANNs were trained using the Broyden-Fletcher-Goldfarb-Shanno (BFGS) algorithm. The activation functions for the hidden and output neurons were as follows: identity (Idt), logistic (Lgt), tangent (Tanh), exponential (Exp) and sinusoidal (Sine). The observed MGI values were subjected to the min-max normalization. The architecture and statistical parameters for two best ANNs are presented in Table 2 . High values of correlation coefficient (R) for training, test and validation set, as well as low values of root mean square error (RMSE) for training, test and validation set confirm statistical validity of the presented models. Additionally, the statistical significance of the established QSAR-ANN models was confirmed by two graphical methods -comparing the observed and predicted values, as well as the observed values and the residuals (Figure 4) . The presented graphs indicate a very good concurrence of the data according to the high correlation coefficients, as well as the residuals which were randomly distributed around the zero values on the y axis. Also, the intercept very close to zero and the slope close to 1 are the indicators of the significant linear relationship between the variables. Global sensitivity analysis (GSA) describes the influence of the input variable on the variation of the obtained model parameters. The influences of the input variables are expressed through GSA coefficients. All input variables have a significant influence according to GSA > 1 criterion ( Figure 5 ). In the ANN1 model the most influential variable is in vitro plasma protein binding (PPB) and in ANN2 it is enzyme inhibition (EI). 
Cross-validation
In order to confirm the predictivity of the established ANN models, the leave-one-out cross-validation procedure was applied. The cross-validation (CV) parameters are presented in Table 3 . The calculated CV parameters, including cross-validation determination coefficient (R 2 cv ), adjusted determination coefficient (R 2 adj ), predicted residuals error sum of squares (PRESS), total sum of squares (TSS) and PRESS/TSS ratio, showed that the established ANN models can be considered statistically acceptable for prediction of antifungal activity of studied thiadiazine derivatives, since the R 
CONCLUSION
The artificial neural networks modeling was applied on the set of twenty two dihydroindeno and indeno thiadiazines. The PLSR-VIP approach used for the selection of descriptors targeted PPB, EI and PI as the most appropriate ones for the prediction of the antifungal activity toward fungus Aspergillus flavus. The selected descriptors describe the ability of the molecule to pass through the biological membrane and reach its site of interest in the cell. In order to make guidelines for further synthesis of these dihydroindeno and indeno thiadiazines with antifungal activity against the toxigenic fungus Aspergillus flavus, PPB, EI and PI molecular descriptors should be taken into consideration. The presented ANNs with the used molecular descriptors can provide good prediction of the antifungal activity of the studied compounds although their predictive power should be treated as preliminary due to the small set of molecules. The modeling of the antifungal activity contributes to the further molecular design and synthesis in order to find new antifungal thiadiazines and structurally similar compounds that can improve protection of the food and feed from the different types of mycotoxins.
